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Background
Today most studies of labor market outcomes like sickness absence use repeated observations over time, and the need to study dnamic pattern of the interplay of work environment, health, and consequences over time has been recognized [1] . One strategy for this is the use of multi-state models [2] that provide probabilities of transition among health states and explain differences among individuals during the course of a disease. Large longitudinal registers that contain information about social payments, medical diagnosis, payments, or employment status have gained increased importance in research areas like economics, medical, and labor market research. These registers can be local or national and are typically made available for research by central government or other major institutions with the authority to collect such data on an individual basis. Using registers like this, each individual can be in one of several distinct states. The purpose of the analysis will often be to predict the probability of transitioning from one state (e.g. work) to another state (e.g. sick-listing) and identify the variables that influence these transition probabilities.
The probability of observing a transition from one state to another often depends on previous transitions. For example, prior research has shown that earlier social transfer payments influence the risk of future payments [3, 4] . This has increased the interest in understanding the order in which people receive different social transfer payments. One way of gaining more knowledge about the pathway to specific social payments is to identify typical patterns, e.g. patterns of repeated disease absence episodes. An individual pattern of social payments consists of combined information given by the type, order, and duration of each social payment period. These patterns are usually recorded over a predefined study time. By understanding individual patterns of social payments the researchers gain valuable information that enables them to optimize the time of an intervention or to predict future social payments for specific groups of individuals.
Conventional methods for analyzing longitudinal data to gain information about patterns of social payments range from complex statistical methods to simple frequency tables. One of the many useable statistical methods is survival analysis, a method that is well suited for estimating probabilities of events like sickness absence or unemployment occurring over time [5, 6] . Application of statistical models for survival analysis in the analysis of sickness absence is relatively new [5] [6] [7] . More complex methods such as multi-state models are useful for estimating transition probabilities between several different states, e.g. work, unemployment, and sickness absence, using larger models [7] . The use of multi-state models for the study of labor market outcomes as initiated by Lie et al. [7] have also been applied by other researchers [8] [9] [10] mainly to study return to work. Multistate models have also recently been applied in studies of aging [11] , cognitive impairment [12] , and dementia [13] .
The disadvantages of multi-state models, whether based on survival analysis or generalized linear models, are that results can be complex to interpret and that the methods rely on assumptions about the data that limit the range of possible outcomes. This obstacle has been addressed by the above cited studies in different ways. Lie et al. considered three states and reported the average number of days spent in each along with 95% confidence intervals for each of two groups. Furthermore, they plotted results from the Cox proportional hazards model and nonparametric effects with 95% point-wise confidence limits [7] . Pedersen et al. [8] who considered a multi-state model with four states, reported the number of persons per transition for each of the nine studied transitions and the hazard ratios describing the effect of covariates on each of these transitions. Oyeflaten et al. [9] considered a multistate model with eight different states and calculated nonparametric transition intensities using the Aalen-Johansen estimator. They plotted state probabilities and reported the probability of being in each of the eight states at follow-up, conditional on the baseline state. Carlsen et al. [10] considered four states and nine transitions. They reported the average number of weeks from one state of employment to the next and the hazard ratios describing the effect of covariates on each of these transitions. Song et al. [11] considered four states and reported parameter estimates from multilevel generalized logit models. Abner et al. [12] considered six states and reported the one-step transition matrix that counts the number of times each of the possible transitions occur and parameter estimates from a multi-state model. The employed model was based on a multi-state Markov chain with two competing absorbing states [14] . Kryscio et al. [13] considered four states and reported the frequency of each of seven transitions along with parameter estimates from a semi-Markov model.
As the previous paragraph illustrates, there are many ways of analyzing multi-state data, and even more ways of reporting the results. There appears to be a lack of simple graphical descriptions of this kind of data.
This article introduces the Top 10 Chart as a new tool for visualizing patterns of transitions between multiple states. This chart shows the most commonly appearing patterns in an intuitive and easily comparable way. The Top10 chart is an alternative to frequency tables and a supplement to survival analysis. It relies on very few assumptions about the data. The concept borrows ideas related to Gantt charts [15] , but is novel within multi-state analysis. The Top 10 chart is designed to show the most commonly occurring patterns and can be used to compare patterns across sub populations. The chart is shown to provide easily communicable results, and is proposed as a companion to the less easily interpretable results from multi-state models. We demonstrate its potential by an analysis of data on social transfer payments.
Methods

Data
The data set used is a representative sample of 4,950 Danish employees between 18 and 59 years of age. We merged the DWECS 2005 (Danish Working Environment Cohort Study) [16] and the RSS register (The Danish Register of Sickness absence compensation and Social transfer payments) [8] . Each respondent was followed in the RSS register for a period of two years from the time the DWECS 2005 questionnaire was answered. Only employees with no registration of a social benefit at the start time (May 2005) were included in the study.
The Danish social security system contains many types of social transfer payments. For the purpose of multi-state analysis we grouped them into seven states. At each time during the two years of follow-up each respondent was classified as being in one of the following seven mutually exclusive categories: working (self-supporting), unemployed, sick-listed, studying, parent leave, receiving disability pension, or 'not at risk' . The latter state is absorbing in the sense that subjects do not transition out of the state. Study subjects entered this state if they reached 60 years of age (thereby qualifying them for retirement), emigrated, or died. These subjects were subsequently assigned to this state for the remainder of the follow-up period.
These seven categories cover the majority of all social payments existing in the Danish social security system for persons between 18 and 59. The working category was defined by time periods wherein a person did not receive any social transfer payments. Only sick-listing involving payments of sickness absence benefits were registered.
The top10 chart
The calculation of the Top10 chart requires data about the different states that subject visit during the follow-up period. Two things are recorded for each person: (i) the order in which the transition between the states occur, (ii) the duration of the stay in each state. Persons that move between states in the same order are said to share the same pattern and are gathered together. The pattern is depicted in the Top10 chart using the average duration. This is illustrated in Figure 1 for three subjects who share the pattern 'Work' , Sickness absence' , 'Work' . Figure 1 represents a state and the length of each box of social payments represents the average duration of state occupancy. It should be noted that the pattern arising from grouping persons that have the same sequence of social transfer differs from the individual trajectories.
The Top10 chart is read from left to right. Each line represents a pattern, i.e., a series of social transfer payments that occur in a specific order. Each type of social transfer payment is represented by its own color pattern and the length of each event represents the expected duration in days. Time is read on the horizontal axis staring at zero (0) indicating the date at which the monitoring started, and ends after two years of follow-up (730 days).
For each line shown in the Top 10 chart the proportion of people with that particular type of pattern is presented. This proportion is called the contribution margin (CM) of the pattern. The sum of the contribution margins of a number of selected patterns, e.g. those containing periods of sickness absence, is called a combined contribution margin (CCM). The CCM for a chart with 10 patterns is the percentage of the population that can be characterized by one of these 10 most frequently occurring patterns. The CCM is shown on the far right of the chart.
We suggest study of the combined contribution margin (CCM) over the 100 most frequent transitional patterns to evaluate whether the top 10 patterns represent the best compromise between brevity and detail. In the current analysis, charts were made for men and women separately to compare patterns between men and women. Stratification can be made over any discrete variable to provide a visual description of the impact of exogenous variables on transitional patterns. SAS version 9.3 was used for all analyses; SAS code for making the Top10 chart is available at the website www.nrcwe.dk/riskstud (click on "Publications"). This website also contains an introduction to how the data should be processed and arranged to comply with the SAS code. It is possible to edit the SAS code to show any number of paths within the limitations of the GCHART procedure in SAS. Table 1 shows the representative sample of 4,950 Danish employees stratified by gender and age group. The population consists of a slight majority of women, and people in the age group 40-49 years. The table also shows the percentage and number of subjects who have been in each of the six categories during the follow-up period (recurrent visits are not shown): Sickness absence is the most frequently occurring category, and is more frequently occurring among women, in particular those aged 20-29 years. Similar results are seen for unemployment. Parent leave is the fourth most frequent category for both genders; it is more frequently seen among women aged 20-29, whereas men visiting this state are typically older (aged 30-39). Education is most frequent among the women aged 18-29 years. The 'not at risk category' occurs most frequently for men aged 50-59 years. Disability pension is the least frequent category and occurs more often among women than among men. The work category is not shown because all individuals are employed at baseline. Figure 2 shows the top 10 most frequent patterns of social payments for a total population of 2,641 employed women, and Figure 3 shows the corresponding ten most frequent patterns for a total population of 2,309 employed men.
Results
Work
The top pattern in both of these figures is a two year period with no payment of any social benefit. This patterns accounts for 61.7% of the women and for 68.8% of the men.
Sick-listing
Three of the ten most frequently occuring patterns involve sicklisting (CCM is 12.0% for women and 9.1% for men). The second most frequently occurring pattern (line number 2) for both women (CM=8.3%) and men (CM=6.3%) is a pattern of work followed by sick-listing followed by return to work. The subjects worked for an average of 354 days followed by sick-listing with an average duration of approximately 54 days (a little longer for the women), and then returned to work for the remainder of the follow-up period. Pattern number four for the women (CM=2.0%) is comparable with the sixth pattern shows two periods of sick-listing for subjects who are otherwise working; the average length of the sick-listing periods being shorter for the men. Finally, the seventh most frequently occurring pattern for women (CM=1.7%) and eighth most frequently occurring pattern for men (CM=1.2%) consists of a single period of sick-listing that extends beyond end of follow-up. The average time of working before being sick-listed started was 583 days.
Unemployment
Three of the patterns for women (CCM=5.3%) and two of the patterns for men (CCM=4.7%) involved unemployment. For women, the fifth (CM=2.0%), sixth (CM=1.9%) and tenth (CM=1.4%) most frequent patterns involved two, one, and three periods of unemployment, respectively. The expected length of each unemployment episode was 20-36 days. For men, the fourth (CM=3.1%) and fifth (CM=1.6%) most frequent patterns involved one and two periods of unemployment, respectively. The expected length of each unemployment episode was 31-41 days-thus slightly longer than the expected length for women.
Parent leave
For both women and men, two of the ten patterns involved parent leave (CCM=3.6% for women and CCM 5.2% for men). For women, the two patterns involved a single episode of parent leave followed either by return to working (on average after 212 days) or end of follow-up. For men, the third most frequent pattern was a parent leave of, on average, frequent pattern for men is two periods of parent leave (CM=1.3%). On average, the first period is approximately 25 days, followed by a period of working for approximately 200 days, followed by a second parent leave for approximately 51 days.
Other patterns
Approximately 1.5% of women and 0.9% of men started receiving educational grants. Finally, 1% of men entered the absorbing state. While entering an absorbing state was approximately as frequent among women (0.8 %), this pattern was not among the top 10, due to a larger diversity of patterns among women (the 12 th most frequently occurring pattern contained this state). 
Discussion
This article focuses on longitudinal data where each subject can shift between multiple non-overlapping states. We describe a visual presentation of the most typical patterns of transitions between states. By presenting the ten most typical patterns in a single chart, the researcher gains a tool for comparing and understanding the typical patterns in the investigated population or cohort. The Top10 chart is suitable for direct reporting, presentation of patterns, and for direct comparison of different subgroups.
The cohort used in the present article has previously been analyzedin particular with regards to sick-listing and early retirement. However, the present simple analysis highlights a number of observations that have not received much attention before.
1.
A rather large percentage of men go on parent leave. This pattern may be specific to countries like Denmark with a well-developed reimbursement system for men's parent leave. However, the percentage of men taking parent leave, and in particular the percentage taking parent leave twice, was higher than expected.
2. Each of the Top10 patterns involved at most, only two states. Since previous sick-listing is a predictor of unemployment and early retirement, we had anticipated patterns where sick-listing was followed by unemployment or early retirement. Although such patterns occurred, they were rare, and not among the ten most frequently occurring.
3. Among the Top10, patterns with frequent unemployment episodes seemed more common among women than among men. Since many men work in sectors (e.g. construction) with high seasonal unemployment, we had expected that more men would experience temporary unemployment than women.
Since the Top10 chart does not take possible confounding factors into account and does not provide measures of robustness (in the form of confidence intervals, p-values etc.) not all of these results may be confirmed by further analysis. However, these examples illustrate the potential of this model for pointing out the unexpected. The Top10 chart show the unfiltered patterns and this makes it is easy to clarify the most relevant types of events, find the most common transitions, and the most likely competing risks. All of this is important information when making a multi-state model. Making only few assumptions about the data, the chart shows the general picture with multiple outcomes. The present study considered a population with no loss to follow-up. In future studies the methodology could be extended to accommodate differing lengths of follow-up by including a censoring period due to time truncation, however this was beyond the scope of the present study.
While the Top10 chart conveys a very intuitive picture, a few precautions should be taken when interpreting the chart. Each relevant state is represented by the mean length in days. Using this mean length as the expected time period to the next event only is not recommended. Because the mean length is always conditional on the future, the mean length can only be used if the future is exactly the order of events that makes the pattern. Also, the combined contribution margin of the chart will depend on the duration of the study and on the definition of states. Two choices have been made in our data analysis before making the charts: the length of the follow-up period, and the number of studied states. If the follow-up period is too wide, the chart would become less informative. A similar limitation would result if a large number of different states were to be considered. When some states are both common and highly transient, as is the case in some applications [12] , our methodology is not useful. In situations like this the number of distinct patterns increases and we would not be able to capture a large percentage of the study population with patterns consisting of only five or six states. This would show as low CM and CCM values, which indicates that the ordering of the pattern is less robust, as no particular pattern is more frequent than the other. For this task, the Top100 cumulated contribution margin chart is helpful, as it shows the number of paths needed to increase the CCM value. The task at hand is to find a balance between the information monitored, and the simplification needed for visualizing general patterns. The number 10 was chosen to represent a reasonable number of patterns that can be grasped by the researcher while still providing a description of a large percentage of the population. In working with register data on social transfer payments, we found that the 10 most frequent patterns capture more than 80% of the population.
